Flow in the Capim River watershed, located in the state of Pará, Brazil, was estimated using the Soil and Water Assessment Tool (SWAT) model in order to determine its use efficiency. The meteorological data (from 2000 to 2010) were collected from an automatic station located in the municipality of Paragominas. The pluviometric and fluviometric data are available at the National Water Agency (ANA) website. Overall results show Efficiency Coefficient (Eff) values of 0.65 (for sub-basin 5) and 0.87 for the entire investigated period. The results also show a reduction in Eff estimation error, which started from over-estimation of 219.18% and declined to underestimation of 18% (in sub-basin 5). In summary, validation of the SWAT model was successful after adjusting the sensors during the calibration phase. Thereby, this model can be used in other studies evaluating river basins.
INTRODUCTION
Since the 1980's, several hydrometeorological studies have been conducted in basins located in tropical regions in Brazil in an attempt to understand, quantitatively and qualitatively, the processes involved in the hydrological and biogeochemical cycle of the watersheds (Sousa et al., 2010; Souza & Oyama, 2011) . These studies sought to understand the effects of climate change on upland forests in Amazonia. Similarly, other projects, such as the ARME (Amazonian Region Micrometeorological Experiment) (Shuttleworth, 1988) , GTE/ABLE (Global Tropospheric Experiment/Amazon Boundary Layer Experiment) (Garstang et al., 1990) , ABRACOS (Anglo-Brazilian Amazonian Climate Observation Study) (Shuttleworth et al., 1991; Gash et al., 1996) and LBA (Large Scale Biosphere-Atmosphere Experiment in Amazonia) (Marengo et al., 2012) , have also invested in research and field experiments aiming to answer questions related to the same theme.
Thereby, the use of hydrological models has become a great ally of these studies, as it has provided better understanding of the processes that involve the hydrological cycle of watersheds. Thus, they enable better practices and land occupation and management that make permanence and maintenance of ecosystems possible (Abbaspour et al., 2006) . Hydrological cycle components (flow, precipitation, amount of water into the soil, surface runoff, total water production reaching the channel, underground flow, percolation, actual and potential evapotranspiration) influence different aspects of human life, namely, agricultural yield, energy generation, flood control, water production to industry and dwellings, flora and fauna management, etc. They are susceptible to changes originating from both natural (climatic variability) and anthropic causes (Tomasella et al., 2009 ).
Radiative surface processes are important for the redistribution of heat into the soil and in the atmosphere. Together with the hydrological cycle, they are essential for climatic and hydrological modeling, and the magnitude of these components and their variations, in periods shorter than one day, are important for the parameterization and calibration of global circulation models. At longer intervals, these quantities are also used in models of global climatic impacts resulting from physiographic changes of the surface (Souza & Oyama, 2011) . The literature shows that the feedback hypotheses between soil moisture and precipitation are fundamental elements for establishing the behavior of the hydrological cycle. Eltahir (1998) states that the central point of this process is on the interface of the energy-to-surface balance.
Moreover, estimates of the spatial-temporal variation of surface heat fluxes and soil moisture would enable understanding of the evaporative processes, which are fundamental aspects in many applications that focus on water resources and climate modeling (Mohamed et al., 2004) . However, due to the scarcity of meteorological data, atmospheric and hydrological models are often fed with regional data with inadequate resolution to represent the atmospheric conditions, which are to be modeled (Abbaspour et al., 2006) .
Remote sensing associated with modelling, such as the SEBAL (Surface Energy Balance Algorithms for Land) (Allen et al., 2002) and METRIC (Mapping Evapotranspiration at High Resolution with Internalized Calibration) (Allen et al., 2007) , have demonstrated great potential for attending the needs related to water balance computation, in regional scale or in watersheds. These tools are suitable for spatial information collection and their application implies considerable improvement in the assimilation of hydrological modeling, as well as in climate modeling, in order to generate future regional scenarios and possible impacts on climate and hydrology. As a consequence, models that represent the hydrological cycle can effectively contribute to the planning and management of water resources (Faramarzi et al., 2009; Sousa et al., 2015) .
The SWAT model was chosen for this research because it is suitable for application in medium-sized basins (±30,000 km 2 ), in addition to its quantitative aspects of flow, and because it can include variables suitable to its calculations. This model can predict future scenarios on different land occupations. Its easy accessibility presents great availability of material. It has also proven great applicability in several studies worldwide. The theory, equation, and application of the SWAT model are well described and presented at different detail levels by Arnold et al. (1996) , Abbaspour et al. (2006) , and Faramarzi et al. (2009) . Therefore, this study aims to verify, through the use of the SWAT hydrological model, the feasibility to generate flow with sufficient precision in the Capim river basin, located 
MATERIAL AND METHODS

Study area
The SWAT model
The initial step for the SWAT model operation occurs through the insertion of required information points (IPs). The IPs constitute the entry of data into grid points of the same geographical coordinate, with resolution and scale of 90 m and 1:300.00, respectively. The second IPs are performed using the ArcGis 9.3 software.
The parameters required by the SWAT model include climatic (INMET), use and type of soil (ZEE-PA and IBGE), and hydrological (ANA) data. This information depended on daily precipitation observations at four stations (São Domingos do Capim, Maringa, Paragominas, and Capim 2) (ANA); mean daily observations of meteorological variables (precipitation, air temperature, relative humidity, solar radiation, and horizontal wind speed) at the Paragominas station; as well as on maps of soil type (IBGE), land use and occupation (ZEE-PA), and hydrography and topography (Digital Elevation Model (DEM)) ( Table 1) .
Data gaps (in the climatic and pluviometric series) were filled by the climatic generator CLIGEN, which reproduces daily series of time stochastically based on the monthly historical averages and the (statistical) parameters of a given geographic point; for more details see Caviglione (2013) . Abbaspour et al. (2006) affirmed that the SWAT model is sensitive to more than 100 variables associated with vegetation, land management, soil, climate, aquifer, channel, and reservoir. Once this analysis was performed automatically, all the parameters referring to the aforementioned variables were tested in this research. This is essential to answer questions such as "Where should data collection efforts be focused?", "How much care should be taken in estimating the parameters?", and "What is the relative importance of several parameters?". The SWAT model presents an automatic parameter sensitivity analysis tool combining One-factor-at-a-Time (OFAT) and Latin Hypercube (LH) methods.
Parameter sensitivity
Calibration and validation
Calibration and validation are essential steps for the model efficiency. In order to calibrate and validate the model, two time series of real data of the basin under study are necessary. In the first stage (calibration), the most sensitive parameters in the basin are adjusted until the responses approach the observed values also based on the bibliographic search of the adjusted parameters. Through the first method (OFAT), the model promotes the change of only one parameter to each simulation. Thereby, the inserted changes are related to the altered parameter. In the second method (LH), the model is based on the Monte-Carlo simulation (it generates observations with some probability distribution and the use of the obtained sample to approximate the function of interest), which eliminates the need for many simulations required through a stratified sampling method, enabling a robust estimation of the exit statistics; for more details see Faramarzi et al. (2009) .
For validation, the results obtained for the two time series are compared using graphical methods such as hydrograms and regression lines, or analyses such as the Student's t-test and the coefficient of efficiency (Eff) (Faramarzi et al., 2009) 
Model efficiency assessment
Four methods were used to verify whether the measured values and those simulated by the SWAT model were with good adjustments: Nash-Sutcliffe Efficiency Coefficient (Eff) (Nash & Sutcliffe, 1970) , which represents the weighted variance of the events observed and calculated by the model. It varies from -∞ to 1. The closer to 1, the closer to perfect the simulated event is. The Eff is expressed by equation 1:
Where: n, is the number of events; , ob E , is the observed event; cal E , is the calculated event; and m E , is the average of the observed event in the period.
Standard deviation (SD), in which the smaller the SD, the more perfect the adjustment of the simulated event in analysis related to the observed event. The SD is given by equation 2:
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Where: SD, is the standard deviation in %; ob E , is the observed event for the period; and 0 cal E , is the simulated event for the same period.
Residual Mass Coefficient (RMC), which indicates when the model underestimates (positive) or overestimates (negative) the output values. The RMC is given by equation 3:
Where: RMC, is the residual mass coefficient and n, is the number of events.
Mean Error (ME), in which the analyzed event is obtained by the quantitative difference between the simulated and observed events. and the ME is expressed by equation 4:
Where: n is the number of simulated events and EM is the mean error.
Based on these values, the result obtained by the SWAT model was used to simulate three experiments. The first experiment was conducted at initial conditions in order to evaluate the efficiency of the model in the generation of flow. In the second experiment, the manual calibration of the model was executed. Finally, in the third experiment, the validation of the model was performed (Faramarzi et al., 2009 ).
Hydrological simulations
In the first experiment, the "automatic" (default) option of the model was used, in which the parameters did not change values. This experiment served as a basis for the second (calibration) and third (validation) experiments because of its simplicity and efficiency in representing the initial conditions of the study region. After that, the automatic sensitivity analysis was performed by the SWAT. The limits of each parameter were maintained (automatic), showing which parameters should be changed and why.
In the second experiment, a manual calibration of some parameters of the model was performed based on the sensitivity analysis. Three attempts were made to adjust the parameters during manual calibration, which aimed to improve the monthly behavior of the flow rate. The moment at which the Eff reached values ≥0.50 was adopted as the stopping point of these attempts, starting with the third experiment.
From this point, the model adjustment parameters were no longer modified. Thus, it was possible to verify how the SWAT model was able to assimilate the information extracted from the images of the use and change in the soil for the prognosis of the flow rate in the watershed. After each experiment, it was verified to what level the model was able to reproduce the observed flow rate using the statistical tools previously describe.
RESULTS AND DISCUSSION
After insertion of the maps of the study area into the Digital Terrain Model (DTM), use and occupation of the soil, and soil types, the model generated a basin with an area of 37,199.23 km 2 (Figure 2 ), which is a value close to the one manually generated by the ArcGis (37,179.08 km 2 ). In order to define the number of sub-basins, the value of critical origin area suggested by the model generated 11 sub-basins. An out-point was manually added into sub-basin 5 (844.73 km Regarding the slope classes, the Capim river basin cover mostly regions of flat and regular surface (slope of 0-5%), which represents approximately 61% of the total area. Few areas (4% of the basin) have average slope (1530%). Thus the watershed shows little variation in slope, mostly between 0 and 15%, in approximately 96% of its area).
Climate data and soil physical characteristics were entered the model database and served as initial conditions for the model to fit the physical characteristics of the study area. Overall, the SWAT model simulated seasonality well, both qualitatively (efficiency analyzes) and quantitatively (overestimated total flow). However, the model behaved very inefficiently (Figure 3 ). Many authors have emphasized the difficulty of the SWAT in modeling baseline flow, because some parameters (default) referring mainly to the soil are not adequate for the basins located in Brazil (Sousa et al., 2015) . The same was observed in this initial simulation. Using the initial conditions, results were very different from those observed; therefore, calibration should be performed before using this model in a watershed.
The SWAT model overestimated the peak flow rates for sub-basin 5 and underestimated the recession (quantitatively the model overestimated by 219.18% the total flow). This occurred because the model generates excessive baseflow and surface runoff. These results indicate that the model generated little evapotranspiration and that the amount of water in the soil was actually greater. It is noteworthy that the SWAT model also underestimated possible losses to the deep aquifer. Thereby, such conjuncture also influenced the recess of the curve over dry periods in sub-basin 5 (Figure 3) . Some advances could also be noticed in some of the model responses. This was probably due to the fact that sub-basin 5 is small. Considering that it presents a low time of concentration, the average precipitation verified in one month may have generated a higher mean flow rate in the following month, which accelerated some peaks. However, regarding its curve of recession, the model managed to capture its seasonality. Even so, it has had some small peaks in these periods because the time of concentration in the sub-basin was low, as previously explained (Figure 3) .
After identifying the most sensitive parameters and the points to be considered for the improvement and calibration of the hydrological simulation, we proceeded to choose the parameters that best fitted the search for solving the problems previously noticed. Some parameters were adjusted for sub-basin 5 (Table 2) in order to specifically reduce the total flow volume in the sub-basins and thus start the calibration step.
In the second experiment, in which manual calibration of the model was performed, the attempts to adjust the parameters aiming improvement of the initial results began with the selection of the three most sensitive parameters directly associated with volume reduction, with increase of the baseflow and adjustment of the recession curve. Namely, (Sousa et al., 2015) : ALPHA_BF (baseflow recession parameter), CANMX (evapotranspiration increase), and SLOPE (increase of evapotranspiration, percolation, and baseflow), which were altered together with parameters regarding the soil; for more details on manual calibration, see in Abbaspour et al. (2006) . Namely, GWQMN, GW_DELAY, SOL_AWC, and SHALLST (All these parameters were used to reduce the flow rate volume) (Table 3) . Table 2 . List of parameters to be changed for each required adjustment and their causal relations with the respective settings for sub-basin 5.
Reduction of total flow volume
Increase in baseflow and recession curve Flow delay As for the third experiment, which was the validation of the model, the SWAT model closely followed the seasonality of the mean flow rate in this sub-basin. It also showed its efficiency in simulating this event.
It should be noted that in 2010, when the model did not follow the seasonality appropriately, it may have been influenced by the effect that occurred that year, with a decrease in average rainfall during the rainy season. The model overestimated the flow rate peak in 2009 and underestimated the peaks in the other years. The SWAT model was very efficient in simulating recession in the sub-basin; regarding quantitative efficiency, it responded to 82% of the total observed, with underestimation of 18% in the total flow rate. The adjustments were excellent compared with those of the initial simulation, showing great improvements in the quantitative and qualitative efficiency of the model ( Figure 5 ). The mean flow rate produced by the model was 428.09 m . No further advance in the peaks or recessions was observed, which was fundamental to the efficiency of the monthly flow rate simulations ( Figure 5) . -1 also suggests underestimation of some simulated values and that these are quantitatively smaller than those observed for sub-basin 5 (Table 4) . For the entire study period (2000 to 2010), the Eff was 0.87, indicating efficiency of the model to simulate flow rate and the hydrological cycle components.
Overall, the results obtained are coherent and acceptable compared with those of other studies in similar watersheds. It is worth noting that no other study using the SWAT model had been applied to a basin in Pará state. Therefore, this is a pioneer study in the region. The SWAT model has already been applied in several places worldwide, e.g., Van Liew & Jurgen (2003) Where: Eff (Nash-Sutcliffe Efficiency Coefficient); SD (Standard Deviation); RMC (Residual Mass Coefficient); and ME (Mean Error).
